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3 Local-k Nearest Neighbor(LkNN)
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LKNN Algorithm

LkNN(trainingSet, testSet){
find_optimum_local_k(trainingSet);
for each instance in testSet

k=local_k(instance);
kNN(trainingSet, instance, k);

find_optimum_local_k(trainingSet){ o
local_area=divide_instance_space(trainingSet);
for each area in local_area

find optimum value of k;
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4 49 2 43
Aord el AeE HukEzl ¢8 UCI ML Data
Repository[9]e] dHlolB1& Al&dte zrad A¥g s
AYoll A12g tiolele] FHet EAHL E 17 2o
1 dolHY 54
Dataset Instances Features Class Major Class
breast-cancer-w 699 10 2 66%
glass 214 10 7 36%
heart-disease 294 14 2 65%
ionosphere 351 35 2 64%
iris 150 5 3 33%
sonar 208 61 2 53%

gL 10-folds Cross-Validationg AM43le] HedEg =43
A, & 108 ANde AE JEAAD olw A Aol A

#HQ HRE 98 FUP fold2 kNN LkNNS| H#=E =
Astdch. LkNNeIA #z2 2ed ofxe] £ kme n= 4
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Dataset Aclt(:lt\xlgcy k A}:‘gﬁgcy Ave{age

breast-cancer-w  96.79:0.16% 5 96.80+£0.13% 4.29+3.36

glass 7250£097% 1 74.25¢1.25% 5.14%3.72

heart-disease 67.75£1.31% 4 68.24+1.09% 3.96+2.98

ionosphere 86.25£0.70% 1 86.64+0.69% 7.95t4.11

iris 96.88+0.66% 7 97.01+0.48% 9.4912.67

sonar 82.91+0.70% 2 84.49+067% 5.03+3.13
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